Six MIKE SHE models of the Mekong are developed, each employing potential evapotranspiration (PET) derived using alternative methods: Blaney-Criddle (BC), Hamon (HM), Hargreaves-Samani (HS), Linacre (LN), Penman (PN) and Priestley-Taylor (PT). Baseline (1961Baseline ( -1990) PET varies, with PT followed by HS providing the lowest totals, LN and BC the highest. The largest mean annual PET is over 1.5 times the smallest. Independent calibration of each model results in different optimised parameter sets that mitigate differences in baseline PET. Performance of each model is ''excellent'' (monthly NSE > 0.85) or ''very good'' (NSE: 0.65-0.85). Scenarios based on seven GCMs for a 2°C increase in global mean temperature are investigated. Inter-GCM variation in precipitation change is much larger (in percentage terms by 2.5-10 times) than inter-GCM differences in PET change. Precipitation changes include catchment-wide increases or decreases as well as spatially variable directions of change, whereas PET increases for all scenarios. BC and HS produce the smallest changes, LN and HM the largest. PET method does impact scenario discharges. However, GCM-related uncertainty for change in mean discharge is on average 3.5 times greater than PET method-related uncertainty. Scenarios with catchment-wide precipitation increases (decreases) induce increases (decreases) in mean discharge irrespective of PET method. Magnitude of change in discharge is conditioned by PET method; larger increases or smaller declines in discharge result from methods producing the smallest PET increases. Uncertainty in the direction of change in mean discharge due to PET method occurs for scenarios with spatially variable precipitation change, although this is limited to few gauging stations and differences are relatively small. For all scenarios, PET methodrelated uncertainty in direction of change in high and low flows occurs, but seasonal distribution of discharge is largely unaffected. As such, whilst PET method does influence projections of discharge, variation in the precipitation climate change signal between GCMs is a much larger source of uncertainty.
Introduction
The projected impacts of climate change on the global hydrological cycle will have potentially significant implications for water resources (Bates et al., 2008; Gosling et al., 2011b; Gosling, 2012) and aquatic ecosystems (Poff et al., 2002; Matthews and Quesne, 2009) . Hydrological impacts of climate change are commonly assessed by forcing a hydrological model with climate projections derived from General Circulation Models (GCMs) that are, in turn, forced with emissions scenarios. This approach has been used for global-scale assessments (Arnell, 2003; Nohara et al., 2006; Gosling et al., 2010; Arnell and Gosling, 2013) , at regional (Arnell, 1999a) and national scales (Andréasson et al., 2004) , and for individual catchments ranging in size from major river basins (Conway and Hulme, 1996; Nijssen et al., 2001 ) to medium and small sized catchments (Chun et al., 2009; Thompson et al., 2009 , Thompson, 2012 .
Uncertainty is associated with each stage of climate change hydrological impact assessments (Nawaz and Adeloye, 2006; Gosling et al., 2011a) . There is uncertainty connected to the definition of greenhouse gas emissions scenarios with which GCMs are forced. Climate model structural uncertainty, which results from the different approaches used to represent the climate system within different GCMs, may lead to variable climate projections for the same emissions scenario. Downscaling of GCM projections to finer spatial and temporal scales for hydrological modelling is another source of uncertainty (e.g. Prudhomme and Davies, 2009) .
A final source of uncertainty that in comparison to GCM-related uncertainty has received relatively little attention (Prudhomme and Davies, 2009 ) is related to the hydrological models that translate climate scenarios to hydrological impacts (Gosling et al., 2011a) . Research suggests, however, that this source of uncertainty may not be negligible (e.g. Dibike and Coulibaly, 2005; Haddeland et al., 2011; Hagemann et al., 2012; Thompson et al., 2013a) . Hydrological models range from global models (e.g. Döll et al., 2003; Gosling and Arnell, 2011) , through lumped or semi-distributed catchment models (e.g. Arnold et al., 1998) , to fully distributed, physically based models (e.g. Refsgaard et al., 2010) .
Hydrological model-related uncertainty may become evident when different hydrological models are applied to the same catchment. Although the models may produce equally acceptable results for an observed baseline period, they may subsequently respond differently when forced with the same GCM projections (Haddeland et al., 2011) . For example, Gosling et al. (2011a) demonstrated differences in simulated discharge for the same set of climate change scenarios from catchment models and a global hydrological model for six river basins around the world, with changes in mean runoff varying by up to 25%. Thompson et al. (2013a) extended this analysis for the Mekong by developing a second catchment hydrological model (using MIKE SHE) and comparing results with the earlier catchment model (SLURP; Kingston et al., 2011) and the Mac-PDM.09 global model. Although in most cases the direction of change in mean discharge was the same for the different models for the same climate scenario, the magnitude of change varied. In particular, the global model projected increases in discharge at some upstream gauging stations that were three to five times as large as those for the catchment models. A possible explanation for these differences is the different potential evapotranspiration (PET) methods employed by the three models.
Previous research has demonstrated that different PET methods can produce very different climate change signals, with implications for assessments of the impacts of climate change on water resources (e.g. Arnell, 1999b; Kay and Davies, 2008; Bae et al., 2011) . Kingston et al. (2009) demonstrated different PET climate change signals on a global basis using six alternative PET methods. PET-related uncertainty was of a similar magnitude or, in some cases, greater than GCM-related uncertainty for individual methods. Using a simple latitudinally averaged aridity index, it was shown that different PET methods could influence the projected direction of change in global water availability. Gosling and Arnell (2011) demonstrated large differences in runoff when two alternative PET methods, Penman-Monteith and Priestley-Taylor, were used within Mac-PDM.09. These differences varied depending on location; higher runoff was generated using the second PET method in relatively dry regions, whilst negative anomalies resulted for wetter regions. Bae et al. (2011) used three alternative semi-distributed catchment models and different PET methods to simulate climate change scenarios for a medium sized catchment (c. 7000 km 2 ) in central South Korea. Results showed that the different PET methods impacted runoff changes, with the magnitude of PET-related differences varying between hydrological models and season.
The PET method(s) employed within a hydrological model may, therefore, be a specific source of hydrological model-related uncertainty but one that has been relatively under-investigated (Prudhomme and Williamson, 2013) . There are over 50 different PET methods that could be employed within hydrological models (Lu et al., 2005) . PET method selection may be influenced by a number of factors. Where a hydrological model calculates PET internally, the method will depend upon those incorporated within the model (Bae et al., 2011) . Data availability may also exert an important influence since different PET methods require different meteorological variables. This may have important implications for climate change assessments since less confidence is placed in GCM simulations of some variables such as cloud cover and vapour pressure compared to others, most notably temperature (Randall et al., 2007) . Similarly, other variables, such as wind speed and net radiation, are typically less reliable in the gridded datasets often used for baseline simulations (e.g. Haddeland et al., 2011) due to measurement difficulties and the relatively limited number of observations (New et al., 1999) . Although many large-scale (global) hydrological models use either the Penman-Monteith or Priestley-Taylor methods, these decisions are often based on the theoretically more realistic nature of these methods as opposed to a large-scale validation of their output (although Sperna Weiland et al. (2012) is an exception).
The current study investigates the implications of using alternative PET methods for discharge projections for the Mekong River of southeast Asia. This is achieved using the MIKE SHE model developed by Thompson et al. (2013a) and its recalibration for five additional PET methods. Subsequently each of these models are used to simulate climate change scenarios based on projections from seven GCMs for a 2°C increase in global mean temperature.
Methods

The Mekong catchment
The Mekong is the largest river in southeast Asia. It is the world's eighth largest in terms of annual discharge (475 km 3 ), 12th longest (c. 4350 km) and 21st largest by drainage area (795,000 km 2 ) . Rising in the Tibetan Highlands at an elevation of over 5100 m, it passes through six countries before discharging into the South China Sea via the distributaries of the Mekong Delta (Fig. 1) .
The dominant climatic influence is the Asian monsoon. Rains begin in mid-May and extend into early-October, with over 90% of annual precipitation falling within this period (Kite, 2001 ). Annual precipitation ranges from under 1000 mm on the Korat Plateau of eastern Thailand to over 3200 mm in mountainous parts of Laos. Snow is restricted to parts of the Tibetan Highlands and Yunan and covers approximately 5% of the catchment between November and March. Snowmelt contributes to the initial rise of the annual flood within the upper catchment (the Lancang; Kiem et al., 2005) . River discharge begins to rise in May and peaks between August and October. The subsequent recession continues until March-April.
The upper catchment is characterised by narrow, steep gorges. Land cover is primarily tundra and montane semi-desert (Kite, 2001) . Further downstream, natural vegetation is dominated by evergreen and deciduous forest . Rapid economic development, growing populations and conflicts have, however, caused widespread deforestation in favour of agriculture (Nobuhiro et al., 2008; Lacombe et al., 2010) . Additional pressures stem from competition for water, contamination by agriculture, industry and settlements, and unsustainable use of resources such as fisheries. Dams have been implicated in changes in discharge, sediment flows and fisheries Li and He, 2008; Kummu et al., 2010; Wang et al., 2011) . Future dams will exacerbate these changes (Stone, 2010) .
The MIKE SHE model of the Mekong
MIKE SHE is a modelling system that simulates the major processes of the land phase of the hydrological cycle (Graham and Butts, 2005) . It has been employed in small catchments (Al Khudhairy et al., 1999; Thompson et al., 2004; Thompson, 2012) , catchments of hundreds or thousands of km 2 (Feyen et al., 2000; Huang et al., 2010; Singh et al., 2010 Singh et al., , 2011 and major international river basins (Andersen et al., 2001; Stisen et al., 2008) . Although often described as fully distributed and physically based, after decades of development it includes a range of process descriptions, some of which are conceptual and semi-distributed. Thompson et al. (2013a) provide a detailed description of the Mekong MIKE SHE model. Since an aim of this earlier study was to evaluate inter-hydrological model uncertainty, the model utilised, as far as possible, the same data, and hence the same meteorological input sub-catchments, as an earlier model created using the Semi-distributed Land Use-based Runoff Processes (SLURP, v.12.7) model (Kite, 1995 (Kite, , 2001 Kingston et al., 2011) . Table 1 summarises the components of the MIKE SHE model and the data employed within them. Overland flow is calculated using a finitedifference approach for the two-dimensional Saint-Venant equations (Graham and Butts, 2005) . The two-layer water balance method (e.g. Yan and Smith, 1994 ) is used for the unsaturated zone. For the saturated zone, the conceptual, semi-distributed, linear reservoir method is employed. With its lower data requirements and reduced model execution times compared to physically based solutions this method is particularly useful for large catchments (e.g. Andersen et al., 2001; Stisen et al., 2008) .
Precipitation, temperature and PET were spatially distributed according to the 13 sub-catchments employed within the SLURP model (Fig. 1) . However, in order to aid calibration the Mekong was instead divided into 17 linear reservoir sub-catchments (Fig. 1 ). These were based on the locations of (i) the 12 gauging stations used for model calibration/validation, (ii) major tributaries and (iii) large changes in topographic characteristics. Results from the Tonle Sap and Delta sub-catchments were not analysed due to a lack of observed discharge records. Each linear reservoir subcatchment was divided into three interflow reservoirs based on topography. Two baseflow reservoirs, representing faster and slower baseflow storage, were specified for each sub-catchment. Exchanges between reservoirs, and ultimately the MIKE 11 hydraulic model, were controlled by time constants. MIKE SHE's computational grid was set to 10 km Â 10 km, following experiments showing simulated discharge varied little with grid sizes of between 1 km and 20 km (see also Vázquez et al., 2002; Thompson, 2012) . Hypsometric curves for the resampled and original topography are very similar, as are the relative importance of the different soil and land use categories, suggesting that Fig. 1 . The Mekong catchment and its representation within the MIKE SHE model including the distribution of linear reservoir sub-catchments, interflow reservoirs and meteorological inputs. The gauging stations within the MIKE 11 river network that were used for calibration and validation are also indicated. the larger grid size retains a good representation of catchment characteristics.
Channel flow was simulated using the one-dimensional hydraulic model, MIKE 11 (Havnø et al., 1995) . A plan of the main river channels was derived from the USGS GTOPO30 DEM using the TO-PAZ digital terrain analysis model (Garbrecht and Martz, 1997) . Cross-sections for different stream orders were based on available surveyed cross-sections and remotely sensed imagery (Table 1) . Dams were not included as many of the extant dams were completed after the calibration period. All MIKE 11 river branches were coupled to the MIKE SHE model, and so received exchanges from MIKE SHE in the form of overland flow, interflow and baseflow.
Gridded monthly precipitation totals were obtained from the University of Delaware global precipitation dataset (UDel; Legates and Willmott, 1990) . Updated versions of these data (V1.01 and V1.02) compared to those employed by Thompson et al. (2013a) were used for the validation period (see below). Mean temperature data were derived from the CRU TS 3.0 dataset (Mitchell and Jones, 2005) . Monthly data were spatially averaged for each of the 13 meteorological input sub-catchments and stochastically disaggregated to a daily resolution using a weather generator (Arnell, 2003; Todd et al., 2011) . The number of 0.5°Â 0.5°grid cells used to obtain sub-catchment averages varies from 1 (Chi-Mun), to 83 (Lancang), with a mean of 21. The original MIKE SHE model used temperature based Linacre PET as adopted in the earlier SLURP model. Monthly gridded PET was calculated using climate variables obtained from the CRU TS 3.0 dataset. Monthly PET was then evaluated for each of the meteorological input sub-catchments. PET was distributed evenly through each month.
Alternative PET methods
In addition to the temperature-based Linacre (LN) PET (Dent et al., 1988; Schultz, 1989) , five alternative methods were employed to calculate PET. They represent a sample of the methods commonly used within hydrological models and reflect varying data requirements. Blaney-Criddle (BC) and Hamon (HM) are both based on temperature and day-length, with the latter being employed within the WBM global hydrological model (Vörösmarty et al., 1998) . Hargreaves-Samani (HS) uses mean, minimum and maximum temperature and extra-terrestrial solar radiation and is often used in situations where data are insufficient to calculate Penman or Penman-Monteith (Allen et al., 1998) . These methods incorporate the meteorological variables that control evapotranspiration (net radiation, temperature, wind speed and vapour pressure) and are used in many hydrological models including the Mac-PDM global model (Arnell, 1999b) . In the absence of detailed land cover information required to calculate crop reference ET according to the FAO-56 Penman-Monteith equation (Allen et al., 1998) , the Penman (1948) PET (PN) method was used. Finally, Priestley-Taylor (PT) provides a simplification of the Penman/Penman-Monteith method based on net-radiation and temperature and is used in the WaterGAP hydrological model (Alcamo et al., 2007) .
Data for each PET method were derived from the CRU TS 3.0 dataset with the exceptions of cloud cover (CRU TS 2.1) and wind speed (climatological values, since these data are not available within the CRU dataset). Monthly PET was calculated for each of the 268 grid cells covering the Mekong catchment. BC was calculated according to Brouwer and Heibloem (1986) , PN according to Penman (1948) as expressed by Shuttleworth (1993) , whilst HM and PT were calculated using Lu et al. (2005) . HS was calculated following Hargreaves and Samani (1982) . As described in Section 2.2, mean monthly PET for each meteorological input subcatchment was evenly distributed through each month (post-calibration experiments using stochastically temporally distributed PET showed very little impact on simulated river flow). Time series of PET from each method were specified within separate MIKE SHE models so that, including the original model employing LN PET, six hydrological models were defined. Kelliher et al. (1993) , Jackson et al. (1996) , DHI (2009) vegetation properties file Overland flow: modelled using the 2D finite-difference method
Manning's M for overland flow resistance
Spatially distributed according to land cover. Values taken from the literature (Chow, 1959; Thompson et al., 2004; Vieux, 2004; Sahoo et al., 2006; Thompson, 2012) Clapp and Hornberger (1978) , Carsel and Parrish (1988) , Marshall et al. (1996) Plan of the main river channels Derived through topographic analysis of the USGS GTOPO30 DEM (Kite, 2000) Cross-sections for different stream orders Established using surveyed cross-sections (Shopea, 2003; Mekong River Commission: http://ffw.mrcmekong.org/) and stream width measurements taken in Google Earth Pro Manning's n for bed resistance Chow (1959) 
Model calibration and validation
The same calibration/validation procedures were employed for each MIKE SHE model, and were undertaken independently -the aim of calibration was to achieve equally good performance for each model. A baseline period of 1961-1990 was used for calibration and the shorter 1991-1998 period for validation. Observed discharge from 12 gauging stations was used for calibration ( Fig. 1) . Ten stations are on the main Mekong whilst two are on tributaries (the Chi and Mun). The length of records for three stations did not cover the complete calibration period, whilst discharge for Kratie was derived from records for Pakse using a linear regression model (Institute of Hydrology, 1988) .
Calibration parameters were the time constants of the saturated zone's interflow and baseflow reservoirs, and in sub-catchments with large elevation ranges, the precipitation lapse rate. In a limited number of sub-catchments (discussed below), it was necessary to incorporate a dead storage proportion for the baseflow reservoirs. Thompson et al. (2013a) determined an appropriate snowmelt degree-day coefficient when calibrating their LN-based model for the Lancang at Chiang Saen (the one sub-catchment where snow regularly occurs). The same degree-day coefficient was used in the five other models.
Calibration was undertaken in a downstream sequence from Chiang Saen to Mukdahan, followed by the two tributaries (Yasothon and Ubon) and then from Pakse to Phnom Penh. Since there is a disconnect between daily meteorological inputs derived from monthly totals (mean for temperature) using a weather generator and observed discharge , manual parameter modification was undertaken with observed and simulated discharge being aggregated to mean monthly flow (Thompson et al., 2013a) . Model performance was assessed using the Nash-Sutcliffe coefficient (NSE, Nash and Sutcliffe, 1970) , the Pearson correlation coefficient (r) and percentage deviation in simulated mean flow from observed mean flow (Dv; Henriksen et al., 2003) . Classification of model performance based on Dv and NSE used the scheme of Henriksen et al. (2008) . Following calibration, each model was run for the 1991-1998 validation period. Data for two gauging stations, Kompong Cham and Phnom Penh, were not available for this period, whilst the length of records for the remaining stations varied from the complete eight years to only three years.
Separate calibration of each of the six MIKE SHE models is a noteworthy aspect of this study. Previous studies of uncertainty in climate change impacts on discharge associated with PET method have avoided the issue of different baseline PET values affecting model performance by developing a baseline hydrological model employing a single PET method that is subsequently forced using PET delta factors (e.g. Kay and Davies, 2008) . Whilst this could have been undertaken here, it would necessitate selection of a particular PET method for the baseline with choice of that method over another representing a further source of uncertainty. Other studies (e.g. Bae et al., 2011) have optimized their baseline hydrological model to a single PET method and then implemented different PET methods without further optimization. Although this has the advantage of meaning that baseline-scenario changes in discharge are not influenced by changes in parameter values, it means that a non-optimal hydrological model is used for all but one of the PET methods investigated. In demonstrating the impact on optimized model parameter values of using different PET methods this study presents a useful alternative to these two previous approaches.
Simulation of climate change
Future (monthly resolution) climate scenarios for precipitation, temperature and the other meteorological variables used by the different PET methods were derived for a 30 year period using the ClimGen spatial scenario generator (Arnell and Osborn, 2006) . ClimGen employs the assumption that spatial patterns of climate change, expressed as change per unit of global mean temperature, are constant for a GCM. This permits the pattern of climate change for a given GCM to be scaled up and down in magnitude, enabling impacts of specific thresholds of global climate change to be investigated. Scenarios were generated for a prescribed increase in global mean temperature of 2°C, the hypothesised threshold for 'dangerous' climate change , for seven GCMs: CCCMA CGCM31, CSIRO Mk30, IPSL CM4, MPI ECHAM5, NCAR CCSM30, UKMO HadGEM1 and UKMO HadCM3. They were selected from the CMIP-3 database (Meehl et al., 2007) for application within the QUEST-GSI project . These GCMs represent different future representations of global climate system features (e.g. Indian monsoon weakening/ strengthening, magnitude of Amazon dieback).
The 0.5°Â 0.5°gridded scenario precipitation and temperature time series derived using ClimGen were averaged for each meteorological input sub-catchment and downscaled from monthly to daily resolution using a weather generator. Scenario PET was calculated for each 0.5°Â 0.5°grid square using the ClimGen outputs and the methods employed for the baseline period. Gridded PET was then averaged at the meteorological input sub-catchment scale. As for the baseline period, PET was evenly distributed on a daily basis through each month. Scenario PET was subsequently specified within the MIKE SHE models calibrated using the respective PET method. In this way a total of 42 scenario model runs were simulated (seven GCMs for each of the six hydrological models employing different PET methods).
Results
Baseline PET
Mean annual PET for the 1961-1990 baseline period for the six PET methods is shown for eight representative sub-catchments in Table 2 (top). The relative magnitude of PET from the different methods follows a general, but not wholly consistent, pattern in each sub-catchment. PT PET is the lowest in all sub-catchments except the Lancang, for which it is the second lowest (and HM the lowest). In upstream sub-catchments LN produces the largest annual PET followed by BC. Further downstream (from Mekong 2) this order is reversed whilst for the lowest sub-catchment (Mekong 3), HM PET is the second highest. With the exception of the Lancang and Mekong 3, HM PET provides the third highest totals in all sub-catchments. Annual HS PET is very similar to PN PET, which is to be expected given that the former is the preferred alternative to PN (or Penman-Monteith, Allen et al., 1998) . With the exception of the Lancang, HS and PN are both lower than BC, HM and LN but higher than PT PET.
There is a relatively consistent spatial pattern in annual PET. With the exception of LN PET, the lowest totals occur over the Lancang. This is unsurprising given its higher elevation and lower temperatures (mean temperature is 11.2°C compared to 24.3°C for Mekong 1, Table 2 -bottom). Annual PET increases along the Mekong (Lancang -Mekong 1 -Mekong 2 -Mekong 3) for all methods except LN (highest PET is for Mekong 1). Increasing PET in this direction echoes higher temperatures, although beyond Mekong 1 temperature variations are relatively small (Table 2 -bottom). The Chi and, in particular, the Mun have the highest mean annual temperatures and experience the highest mean annual PET for most methods.
Mean monthly PET derived for 1961-1990 using the six methods is shown in Fig. 2 for four representative sub-catchments. Generally higher PET for the temperature-based methods (except HM for the Lancang) is demonstrated. Lower PET occurs for the PN and PT methods. Some methods (BC, HM) have a consistent June-August peak whilst in others (e.g. PN, PT) the seasonal peak is earlier (March-April). Seasonality declines in a downstream direction. For the Lancang maximum monthly PET is, on average, 2.4 times the minimum. This reduces to 1.6 for Mekong 1 and 1.4 for Mekong 3. Table 2 Mean annual baseline potential evapotranspiration for each PET method, precipitation (mm) and temperature (°C) and changes (% for precipitation and PET,°C for temperature) for the 2°C, seven GCM climate change scenarios for representative sub-catchments within the Mekong catchment. Numbers in brackets refer to the meteorological input subcatchments identified in Fig. 1 Table 3 summarises the optimised values of the baseflow time constants, precipitation lapse rates in sub-catchments with large elevation ranges and, for some sub-catchments, dead storage proportions. Interflow reservoir time constants were also varied during calibration, but differences between models were relatively small. There is no consistency in the relative magnitudes of the baseflow time constants between the models. In contrast, models employing PET methods associated with the highest baseline PET required the largest precipitation lapse rates. For example, LN and HM PET provide the largest and smallest mean annual baseline PET over the Lancang and result in the largest (2.16) and smallest (0.26) optimal precipitation lapse rates, respectively. The use of single or multiple precipitation lapse rates as a calibration term has been adopted elsewhere (e.g. Yu et al., 2011; Ji and Luo, 2013) . The values in Table 3 are within the range of those previously reported in mountainous regions (e.g. Immerzeel et al., 2012a,b) . Variable lapse rates for sub-catchments with large elevation ranges mitigates the differences between PET methods.
Observed and simulated mean monthly discharges from the six MIKE SHE models for the baseline period are shown in Fig. 3 . The very narrow range of simulated river regimes, especially for the ten gauging stations on the main Mekong, illustrates the very similar performance of the models. Good model performance for the main Mekong is further demonstrated in Table 4 . As reported by Thompson et al. (2013a) for the LN PET model, out of the 24 Dv and NSE model performance statistics, 20 were classified as ''excellent'' according to the scheme of Henriksen et al. (2008) . This scheme was originally based on comparisons of daily observed and simulated discharge. Higher NSE values are to be expected when aggregating to monthly mean discharges. Increasing the lower boundary of the ''excellent'' class for NSE to 0.9 still results in half of the models (HS, PM, PT) being classified as ''excellent'' for all the stations on the main Mekong. Even if the lower boundary of the ''very good'' class is increased to 0.85, the performance of all the other models falls into this category. Relatively poor performance is achieved for Phnom Penh, a station with a shorter observed discharge record. Although NSE is classified as ''excellent'' for all six models, the overestimation of mean discharge results in Dv being classed as ''very good'' (two models) or ''fair'' (four models). Although an equivalent classification for the correlation coefficient (r) is not employed, the value of this statistic is above or very close to 0.95 for ten of the 12 stations.
The two stations with lower values of r (Yasothon and Ubon) also have lower values of NSE that are, in most cases, classified as ''fair'' (''poor'' for Yasothon for BC and LN). Thompson et al. (2013a) reported that it was not possible to raise peak discharges for these stations without also raising discharge during the reasonably well-reproduced annual rise and recession. This would cause Dv to increase substantially. Calibration therefore focussed on matching observed and simulated mean flow (i.e. Dv values close to 0), and hence annual contributions from these tributaries to the Mekong. This necessitated the use of dead storage terms within the MIKE SHE linear reservoirs (Table 3 ). The same issue was experienced in the calibration of the Mekong at Vientiane (sub-catchment 5), adjacent and to the north of the Chi.
Explanations for flow overestimation without dead storage could lie with the meteorological inputs. Hughes et al. (2011) identified geographically isolated extreme rainfall within the CRU TS 3.0 dataset over the Okavango catchment, southern Africa that could potentially be attributed to anomalies within station data used in its derivation. This impacted hydrological model calibration and was addressed, at least in part, using UDel precipitation. For the Chi and Mun discharge overestimation could result from elevated precipitation within the UDel dataset. Mean annual subcatchment precipitation (Table 2 ) exceeds reported estimates of less than 1000 mm for the Korat Plateau (Kite, 2001) . Similarly, the relatively small sub-catchment above Vientiane (sub-catchment 5) falls within the large Mekong 1 meteorological input sub-catchment that has a mean annual precipitation of over 1800 mm (Table 2) whilst Kiem et al. (2008) present data that suggest lower (1200-1500 mm) annual totals.
Overestimation of discharge without dead storage could also be related to land use. Of all the sub-catchments, the Chi and the Mun are the most agricultural with extensive areas of irrigation, some dating back to the 1950s and 1960s (Floch and Molle, 2007) . Without detailed information on the representativeness of the gridded precipitation dataset and on irrigation abstractions, the application of dead storage in these few sub-catchments was considered justified in order to match observed and simulated annual contributions to the main Mekong. Furthermore, the mean annual water balance was assessed for all the gauging stations along the main Mekong to ensure that dead storage was not unduly large. As a percentage of precipitation, change in subsurface storage (including both the saturated and unsaturated zones) is no more than 5% of precipitation (mean 1.5%) and 9% of actual evapotranspiration (mean 2.6%). Therefore, dead storage is a small component of the overall water balance although it is inevitably larger in the Chi and Mun sub-catchments.
Model validation
Good performance for the validation period is achieved, although it is, in general, inferior to the calibration period (Table 4) . NSE for eight stations on the main Mekong is classified as either ''excellent'' or ''very good''. Relatively high values of r are achieved for these stations although, with the exception of Mukdahan, they are lower than those of the calibration period. Dv for these stations is generally classed as either ''excellent'' (upper stations) or ''very good'' (middle stations) although at Strung Treng (short observed records) and Kratie values are classified as either ''excellent'' (three PET methods), ''very good'' (1 method) or ''poor'' (two methods). Poorer representation of mean flows might relate to the use of unchanging land cover through time, an approach that has been used elsewhere (e.g. Kingston et al., 2011) but which is not completely realistic given the land cover changes which have occurred, especially in the lower part of the catchment. Despite these issues, performance of the six MIKE SHE models for the main Mekong still compares very favourably with previous models of the Mekong (e.g. Hapuarachchi et al., 2008; Västilä et al., 2010; Kingston et al., 2011) .
In comparison to the stations on the main Mekong, model performance for the Chi and Mun tributaries is relatively poor, although the short duration of observations (especially for Ubon) should be noted. Results are sensitive to the version of UDel precipitation employed, a finding that was not replicated for the other stations (results for these stations are based on V1.01 for 1991-1996 and V1.02 for 1997-1998) . UDel V1.01 leads to a large over estimation of discharge at Yasothon and low NSE and r values (Table 4 ). The latter are improved by using UDel V1.02 whilst Dv values suggest discharge underestimation (albeit by a smaller amount compared to overestimations for UDel V1.01). Similar differences are evident in results for the Mun. This adds support to the assertion that issues identified during calibration of the models for these stations may lie, at least in part, with the meteorological data for this part of the catchment. As noted above, the use of alternative gridded precipitation datasets such as CRU will be required to assess the impact of this potential source of uncertainty. 3.4. Scenario precipitation and temperature Table 2 provides baseline mean annual total precipitation and mean annual temperature for eight representative sub-catchments as well as changes in each for the seven 2°C GCM scenarios. CCCMA, MPI and NCAR project increasing annual precipitation for all sub-catchments. The greatest increases occur upstream for CCCMA and NCAR, and downstream for MPI. Annual precipitation declines across all sub-catchments for CSIRO, whilst for IPSL reductions occur across all but three south-central sub-catchments (Chi-Mun, Mekong 2 and Sre Pok). HadCM3 shows increased precipitation over four northern sub-catchments (Lancang to Mekong 1) and decreases elsewhere. HadGEM1 projects increases for the two northernmost sub-catchments (Lancang and Nam Ou) and three southern sub-catchments (Se Kong, Sre Pok, Mekong 3) with declines over the central Mekong. Intra-annual patterns of precipitation change vary. CSIRO, IPSL and MPI exhibit a unimodal response, with increases concentrated around September for CSIRO 
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Mun at Ubon (l) Fig. 3 . Observed and range of simulated river regimes from the six MIKE SHE models for all 12 gauging stations within the Mekong catchment for the calibration period (1961-1990 unless indicated otherwise). Letters in brackets refer to the gauging station labels used in Fig. 1. and IPSL (decreases in other months) and May-November for MPI. The other GCMs show a bimodal pattern of change. The greatest increases occur at different times but are concentrated in April-May and September-November.
As discussed above, mean annual temperature is considerably lower over the Lancang and less variable from Mekong 1 downstream. For each GCM, the largest changes (all above 2°C) occur over the Lancang. Further downstream, increases are closer to the prescribed 2°C increase. Of the eight sub-catchments in Table 2, the smallest increase in mean temperature is associated with NCAR in five, HadGEM1 in two and CCCMA in one. Increases exceed 2°C in all sub-catchments for CSIRO. This GCM produces the largest increases for all sub-catchments except Lancang and Mekong 1 (IPSL). The 2°C threshold is exceeded in all but one sub-catchment (Sre Pok) for MPI and two (Sre Pok and Mekong 3) for IPSL. Table 2 also provides percentage changes in annual PET from the baseline for the eight representative sub-catchments for each PET method and 2°C GCM scenario. Mean annual PET increases for all sub-catchments for each GCM and PET method (Table 2 ). Inter-GCM variations in changes in PET are smaller than those for precipitation. On average the mean inter-GCM range of change in annual precipitation for the sub-catchments shown in Table 2 is 14.0% (range: 9.3-18.4%). The corresponding range of mean increases in annual PET varies between 1.4% (1.2-2.1%) for BC PET and 5.9% (4.2-10.0%) for PN PET.
Scenario PET
Of the 42 combinations of GCMs and PET methods (seven GCMs Â six PET methods), the largest increases in mean annual PET occur over the Lancang in 33 cases (78.6%) including the largest increases in PET for the BC, HM, HS and PT methods across all GCMs. Increases in PET for BC, HS and PT for the more southerly sub-catchments are relatively consistent and notably lower than those for the Lancang.
Across GCMs, there is some consistency in the relative order of magnitude of increase due to different PET methods. Of the 56 subcatchment/GCM combinations in Table 2 (eight sub-catchments Â seven GCMs), BC produces the smallest increases in mean annual PET in 31 (55.4%) followed by HS (22 instances or 39.3%). Combined, these two methods therefore account for 53 (94.6%) of the smallest increases. For the second lowest changes, the relative order is approximately reversed, with HS accounting for 30 (53.6%) and BC 19 (33.9%) sub-catchment/GCM combinations. LN is associated with most of the largest PET increases (46 or 82.1%), followed by HM (10 or 17.9%). HM and LN also account for all of the second highest increases, with the relative order being exactly reversed to that of the highest.
There are also consistencies in the order of magnitude of increases in mean annual PET due to different GCMs. Of the 48 sub-catchment/PET method combinations (eight sub-catchments Â six PET methods), the smallest increases are associated with NCAR in 36 (75.0%). The majority of the remaining smallest increases (8 or 16.7% of the 48 combinations) are due to HadGEM1. The largest PET increases are predominantly associated with CSIRO (23 or 47.9%) and HadCM3 (18 or 37.5%). CSIRO, associated with Table 4 Range of model performance statistics based on mean monthly discharges from the six MIKE SHE models for twelve gauging stations within the Mekong catchment for the calibration (1961-1990 unless stated otherwise) and validation (1991-1998 unless stated otherwise) periods. Letters after gauging station names refer to the labels used in Fig. 1 the largest changes in mean temperature in most sub-catchments, also simulates the greatest number of second largest PET increases (22 or 45.8%) followed by IPSL (13 or 27.1%) and HadCM3 (10 or 20.8%).
The dominant seasonal distributions of PET through the year do not change from those of the baseline period (Fig. 2) . Monthly changes do, however, demonstrate some consistent patterns for different PET methods and GCMs. This is exemplified in Fig. 4 , which presents percentage changes in mean monthly PET for the Mekong 1 sub-catchment (selected due to its large size and central position). The four temperature-based methods (BC, HM, HS and LN) show very similar temporal changes for a given GCM, albeit with different magnitudes. Changes for BC and HS are lower than those for HM and LN (which produce the largest increases in mean annual PET). Changes in monthly PET for these methods for a particular GCM reflect the corresponding changes in temperature. For CCCMA and HadGEM1, changes in temperature and hence PET are characterised by the lowest intra-annual variability. The smallest gains are in March or April and they increase gradually through summer and, in particular, autumn/early winter. In contrast, CSIRO, ISPL and MPI demonstrate peak changes during the period March-May (most clearly demonstrated for CSIRO with a large change in January not repeated for the other GCMs). The smallest changes in PET occur in July-October after which they then increase. BC, HM, HS and LN PET for HadCM3 and NCAR are characterised by relatively large changes between November and February and smaller increases in the middle of the year (HS PET declines below the baseline in August for NCAR).
Changes in mean monthly PET for the two remaining methods (PN and PT -which include variables other than temperature) follow those of the temperature-based methods for much of the year. However, there are some notable differences. The largest changes are associated with a distinct June peak that, for CCCMA and IPSL, extends into July (August for CCCMA). A much smaller peak is also evident in June for PN and PT for the HadCM3 GCM, whilst the largest changes in PET for both methods for HadGEM1 is due to a similar peak in August. Table 5 presents mean baseline discharge and percentage changes in these discharges for the six models employing different PET methods for each GCM scenario. Results are provided for eight representative gauging stations. The variability in mean baseline and scenario discharges is expressed as the difference between the largest and smallest mean discharge for a given scenario (i.e. the range) as a percentage of the overall average of the mean discharges for that scenario. Changes in mean discharge for each PET method/2°C GCM scenario are also shown in Fig. 5 for six representative gauging stations.
Scenario river discharge
The range of simulated mean discharges at each gauging stations increases for all GCMs for each PET method compared to the baseline (Table 5) . For the baseline, the difference between the largest and smallest mean discharges is, on average, 5.6% of the overall mean from the six models. The mean inter-MIKE SHE model range in mean discharge increases to between 9.2% (NCAR) and 11.9% (IPSL) for the GCM scenarios. However, uncertainty associated with different GCMs is substantially greater than that due to alternative PET methods. The largest range of change in mean discharge for any gauging station on the main Mekong due to the different GCMs simulated by one of the MIKE SHE models is 37.9% (Chiang Saen, PN PET, À18.0% and +19.9% for IPSL and HadCM3, respectively). This is slightly exceeded by the 40.8% range for Ubon (BC PET, HadGEM1: À14.6%, MPI: 26.1%). The average inter-GCM range of change in mean discharge for the eight gauging stations in Table 5 simulated by the MIKE SHE models is 29.4% (29.5% for all 12 stations). In contrast, the largest range of change in mean discharge for any gauging station (Chiang Saen) simulated for any GCM (HadCM3) by the different MIKE SHE models is 15.4% (HM:+4.5%, PN:+19.9%). The average inter-MIKE SHE model range of change for mean annual discharge for the eight gauging stations for the seven scenarios is 8.3% (8.4% for all 12 gauging stations).
For some scenarios direction of change in mean discharge is consistent irrespective of PET method. All models simulate catchment-wide increases in mean discharge for CCCMA and NCAR. The magnitudes of increases broadly concur with the relative magnitude of changes in PET. The HM and LN models (largest PET increases) produce the smallest increases in discharge at most gauging stations. Conversely, the BC and HS models (smallest increases in PET), project the largest increases in mean discharge. For CCCMA, the largest increases at seven stations are due to BC PET (the other PN PET), whilst for NCAR, HS PET produces the largest increases at six stations (BC and PN each accounting for one of the remaining stations).
The same spatial patterns of change along the main Mekong are evident for the different PET methods for both CCCMA and NCAR. For CCCMA the magnitudes of the increases in mean discharge rise as far as Pakse and then decline due to the smaller gains in precipitation in the lower Mekong. Similarly for NCAR, discharge increases rise towards Vientiane or Mukdahan and then decline further downstream. In many cases NCAR produces the largest increases in mean discharge along the main Mekong. Conversely, increases in the mean discharge of the Mun at Ubon (and for the Chi at Yasothon) are consistently larger for CCCMA compared to NCAR due to the larger increases in precipitation over this sub-catchment for CCCMA.
Mean discharge declines at every gauging station for the CSIRO GCM for all six MIKE SHE models (Table 5) . In all cases, the magnitude of the declines decreases in a downstream direction. The largest reductions at four stations in Table 5 are due to HM PET, with LN PET accounting for the second largest reductions at these stations. This order is reversed for the other four stations. The BC PET MIKE SHE model projects the smallest declines in discharge at six stations, with HS PET accounting for the other two. The latter PET method is responsible for the second smallest declines in discharge at five stations, the remaining three resulting from either BC (two stations) or PN PET (one station).
For the remaining four GCMs, some uncertainty in the direction of change in mean discharge is introduced by PET method. For IPSL, mean discharge generally declines under climate change at all gauging stations on the main Mekong, for all PET methods. The magnitude of these declines reduces downstream. However, whilst for HM and LN discharge also declines for the Mun at Ubon (repeated for the Chi at Yasothon), the other models employing alternative PET methods project relatively small increases (Table 5 , Fig. 5 ). LN and HM are associated with the largest increases in annual PET for the Mun (14.2% and 12.4%, respectively - Table 2 ). In contrast, changes in annual PET for the other methods are lower (maximum 9.1% for PN). Although the Mun experiences an overall small (0.1%) decline in annual precipitation, increases during the wet season coupled with smaller increases in PET for these four methods account for the modest increases in mean discharge.
Some uncertainty due to PET method is evident for MPI. Annual precipitation increases in all sub-catchments, although increases are relatively small, especially upstream (e.g. the Lancang). Conversely, increases in the original LN PET are larger than those for CCCMA and NCAR, the other scenarios with catchment-wide increases in precipitation. Mean discharge therefore declines in the upper Mekong until Luang Prabang and then increases. In contrast, for BC and HS mean discharge increases at all gauging stations. These two PET methods result in the smallest increases in annual PET for MPI. The relatively modest increases in precipitation are therefore not offset by increased evapotranspiration. Increases in annual PN PET are slightly larger than those for BC and HS (Table 2) so that very small (<1%) declines in mean discharge are restricted to Chiang Saen. The larger PET increases for HM and PT cause declines in Mekong discharge to extend downstream to Vientiane.
For HadCM3 and the LN PET model, mean discharge increases in the upper Mekong as far as Pakse. These increases decline downstream whilst below Pakse discharges decline, albeit by small amounts (Table 5 ). This pattern was attributed to the relatively large (10.1%, Table 2) increases in precipitation over the Lancang and smaller increases over Mekong 1 that offset elevated evapotranspiration (Thompson et al., 2013a) . Further south, precipitation declines so that, in combination with higher PET, discharges decrease. The larger increases in HM PET, especially over upstream sub-catchments, cause the point at which mean discharge declines to shift upstream to between Mukdahan and Pakse (Table 5 ). In contrast, the consistently smaller increases in PET for BC, HS, PN and PT (all 6 10%, Table 2 ) cause the influence of enhanced upstream precipitation to extend throughout the catchment. Mean discharges increase along the main Mekong, although the magnitude of changes declines in a downstream direction. The particularly small increase in PN PET over the Lancang results in the largest discharge increases. The influence of declining precipitation in the south combined with higher PET is indicated by declines in Table 5 Mean baseline discharge (m 3 s
À1
) and change from baseline mean discharge (%) for the different PET methods for each GCM at eight gauging stations within the Mekong catchment. Letters in brackets refer to the gauging station labels used in Fig. 1 . Italicised values indicate negative changes compared to the baseline. The range of mean discharges for the baseline and each GCM from the different PET methods are also indicated (% of overall mean discharge from the PET methods for that scenario). Mun discharge at Ubon. The largest reductions are due to HM and LN (larger PET increases) and the smallest from BC (smallest increase in PET). A similar pattern to HadCM3 is evident for HadGEM1, although the point at which increases in mean discharge switch to declines is further upstream since enhanced precipitation in the upper Mekong is restricted to the two northernmost sub-catchments. For LN and PN increasing mean discharge is limited to Chiang Saen, after which discharge declines until Pakse. Modest increases in precipitation over southerly sub-catchments limit further reductions at the lowest gauging stations. Larger increases in HM PET over the Lancang (16.1% compared to 12.4% for LN PET, Table 2 ) offset increases in precipitation, so that mean discharge at Chiang Saen declines. In contrast, smaller PET increases for the remaining methods cause increases in discharge to extend downstream to Luang Prabang (no change for PT). For all PET methods, the largest declines in discharge on the main Mekong are at Pakse. Impacts of elevated PET and lower precipitation is clearly demonstrated for the Mun at Ubon. The largest reductions in discharge result from HM and LN and the smallest from HS PET.
As an alternative way to compare PET uncertainty between methods and GCMs, changes in areal PET were considered (Fig. 6 ). These were derived by weighting PET changes for each sub-catchment by the proportion these sub-catchments comprise of the total area draining to a gauging station. Areal PET for Chiang Saen and Ubon therefore correspond to changes for the Lancang and Mun sub-catchments, respectively whilst those for Phnom Penh are based on changes over 11 upstream sub-catchments. Fig. 6 demonstrates the strong, but not perfect, negative relationship between increase in PET and increase in discharge, as well as PET method-related uncertainty in the direction of discharge change at some gauging stations for some GCMs (Chiang Saen: HadGEM1 and MPI; Phnom Penh: HadCM3; Ubon: IPSL). Greater GCM-related uncertainty is indicated by the wider range of change in mean discharge for the seven GCMs compared to those due to the different PET methods. At a monthly resolution, greater GCM-related uncertainty compared to that associated with PET methods is evident (Fig. 7) . For a given GCM, mean monthly discharges simulated by the different models are broadly similar and follow the patterns described by Thompson et al. (2013a) . For example, for CSIRO all six models simulate declines in the rising limb of the seasonal peak, especially further upstream. Peak discharges are delayed from August for the baseline to September. Similarly, all six models simulate this delayed peak for NCAR but with the magnitude of the peak increasing.
The range of scenario mean monthly discharges is greater than that for the baseline. This is most apparent during the seasonal peak, although the range increases in most months. For all 12 gauging stations, the baseline inter-MIKE SHE model range in August and September discharges, expressed as a percentage of the overall mean from the six models for the respective month, is on Change in mean discharge (%)
Change in PET (%)
Mun at Ubon (l) Fig. 6 . Relationship between change in mean discharge and change in weighted mean PET for each GCM and PET method for four gauging stations within the Mekong catchment. Letters in brackets refer to the gauging station labels used in Fig. 1 Uncertainty in the direction of change in either high or low flows, and in some cases both, is introduced for all scenarios due to the different PET methods (Table 6 ). For some GCMs, uncertainty is only associated with either high or low flows and is restricted to parts of the catchment. Both Q5 and Q95 (discharges equalled or exceeded for 5% and 95% of the time, respectively) increase throughout the main Mekong for NCAR. The smallest increases are due to HM and the largest predominantly associated with HS or PN PET. Although Q5 increases for Ubon, half of the models project declines in Q95. Conversely, for CSIRO Q5 and Q95 decline for the main Mekong for all models (largest Q5 and Q95 decreases due to LN and HM, respectively). Q95 also consistently declines at Ubon, but Q5 increases for all the models except those employing HM and LN PET. Uncertainty in the direction of change of high flows for CCCMA is restricted to the top of the catchment. HM, LN and PT project declines in Q5, albeit of small magnitude, that are contrary to increases simulated throughout the Mekong by the other models. All six models, however, project increasing low flows. The largest upstream increases in Q95 are from BC PET whilst further downstream either HS or PN PET generate the largest changes. Most of the smallest increases are due to PT PET.
HadGEM1 and IPSL show consistent declines in either high (HadGEM1, except for a negligible change at Vientiane for BC PET) or low (ISPL) flows, with some consistency in the relative magnitude of these changes due to the different PET methods. Conversely, uncertainty in low and high flows, respectively is projected for these two GCMs at the majority of stations. For HadGEM1, HM projects declines in Q95 throughout the Mekong. Whilst HS projects increases in low flows along most of the main Mekong, the other models project increases at upstream stations and declines further downstream (a modest increase at Phnom Penh for PN). Although all models show declines in Q5 for ISPL as far as Vientiane, there is uncertainty further downstream. The HS model projects increasing high flows from Mukdahan, whilst the HM and LN models show declines in Q5 along the length of the main Mekong.
Direction of change in Q95 for HadCM3 is consistent between MIKE SHE models -increases on the main Mekong and declines for the Mun and Chi. However, HM and LN project declines in high flows, which grow in magnitude from Nakhon Phanom downstream. The other models project increases in Q5 that tend to decline in a downstream direction. HM also shows declines in Q5 in the upper catchment (Chiang Saen and Luang Prabang) that are not repeated by the other models. Whilst five models project declines in high flows for the Mun, BC projects a small increase. The same model simulates modest declines in high flows at Phnom Penh. Uncertainty in the direction of change in Q5 for MPI is limited to Chiang Saen (and in one case Vientiane). Elsewhere Q5 increases and the magnitude of these changes tends to increase in a downstream direction. Changes in low flows vary; BC, HS and PN project increases throughout the Mekong below Chiang Saen whilst the other models simulate declines at most gauging stations on the main Mekong. All models project increases in Mun low flows.
Discussion
This study demonstrates considerable differences in baseline potential evapotranspiration totals (but some consistent spatial and temporal patterns) for the Mekong evaluated using six different, but widely used, PET methods. Without PET observations across the Mekong it is not possible to state whether one method (and hence MIKE SHE model) should be preferred over another (e.g. Prudhomme and Williamson, 2013) . It might be expected that PN should produce most realistic results as it incorporates the most meteorological variables, but as previously noted the additional variables are typically relatively poorly observed. Furthermore, net radiation in PN (and PT) is derived empirically from cloud cover data, and only climatological values for wind speed have been used. Although these substitutions are commonly made in large-scale modelling (e.g. Arnell, 2003) , their influence on the reliability of PET calculations remains a matter for further research. In the absence of a definitive assessment of the reliability of each PET method, it is at least worth noting that the relative order of magnitude in baseline PET has similarities with previous studies. For example, Kingston et al. (2009) showed that for the latitudinal range of the Mekong, PT consistently produced the lower PET totals whilst the highest PET was for HM and then BC.
Consistent calibration/validation procedures result in alternative parameter values for the six MIKE SHE models which act to mitigate the differences in absolute PET. Each model simulates very similar baseline river discharge and performance is generally ''excellent'' or ''very good''. However, results do suggest that the impact of alternative meteorological input distributions, as well as different precipitation datasets (e.g. CRU TS 3.0), should be investigated. Similarly assessments of the impact of land cover change, including sensitivity associated with alternative PET methods, would merit further exploration. In the simulation of GCM scenarios, the models are largely sensitive to changes between baseline and scenario PET rather than inter-PET method differences in baseline PET, a positive outcome given the aim of this study. Alternative approaches, such as employing alternative PET data within a model calibrated using a specific PET method, should be interpreted with caution, as has been demonstrated when applying different precipitation datasets to hydrological models (Mileham et al., 2008; Xu et al., 2010) .
Inter-GCM ranges of change in PET are small in comparison to those for precipitation. PET increases for all GCMs whilst precipitation climate change signals vary between catchment-wide increases or decreases to spatially variable changes. PET methods with similar inputs (i.e. mean temperature: BC, LN) produce similar baseline values, but markedly different climate change signals. This indicates that the PET equation itself can be just as important a source of uncertainty as the input meteorological variables. The hierarchy of changes in annual PET for a given GCM using different methods is similar to those demonstrated in other studies. Bae et al. (2011) showed that for a range of climate change scenarios, HS consistently produced the lowest change in PET. PT produced larger changes, with the largest due to HM. Kingston et al. (2009) demonstrated that for the latitudinal range of the Mekong, HM also produced the largest changes in PET for five scenarios employed in the current study (CSIRO and HadGEM1 were excluded). Some of the smallest changes were associated with HS PET.
Some consistencies in the relative order of change in annual PET for the different GCMs are also common to other studies. NCAR followed by HadGEM1 produced the smallest increases over three sub-catchments of the Manipur River in northeast India, around 500 km to the west of the Mekong and at the same latitude as central parts of the Lancang (Singh et al., 2010) . The largest increases were similarly associated with CSIRO and then HadCM3.
It is important to recognise that whilst this study illustrates the impacts of GCM structural uncertainty on precipitation and PET (and when used within the MIKE SHE models, river discharge) an ensemble of GCMs does not provide a systematic assessment of true GCM structural uncertainty. An alternative is the use of GCM perturbed physics ensembles (PPEs), such as the QUMP ensemble (Murphy et al., 2009) . The use of PPEs in climate impact assessments is still a relatively new development but could be employed to extend this research on the Mekong (and other catchments).
PET method-related uncertainty in simulation of river discharge under climate change is considerably less than GCM-related uncertainty (that is in turn dominated by uncertainty in precipitation). It is worth noting, however, that for those scenarios involving a spatially variable precipitation climate change signal, PET method influences the spatial extent of increases or decreases in mean discharge. In these cases, PET specific differences in the direction of change in discharge could have important implications including variability in projected impacts for power generation from existing and planned dams, as well as environmental conditions within the river (e.g. Thompson et al., 2013b) .
The finding that the models using alternative PET methods result in some differences in scenario discharge supports the assertion made by Thompson et al. (2013a) that differences in the climate change discharge/runoff signals for the Mekong simulated by MIKE SHE, SLURP and Mac-PDM.09 for the same scenarios could, at least in part, be attributable to PET method (LN for MIKE SHE and SLURP, Penman-Monteith for Mac-PDM.09). However, some increases simulated by the global hydrological model at upstream gauging stations were three to five times as large as those simulated by the catchment models. Such large inter-PET method differences are rare in the current study. Further downstream, however, differences between MIKE SHE/SLURP and Mac-PDM.09 were comparable to those identified herein.
Conclusions
Potential evapotranspiration for sub-catchments of the Mekong varies considerably when evaluated using different methods. Priestley-Taylor followed by Hargreaves-Samani and Penman characteristically provide lower PET totals than the Linacre and Blaney-Criddle temperature-based methods. Calibration of six MIKE SHE models each employing different PET data is possible through modification of parameters that act to mitigate the impacts of variations in baseline PET. The performance of each model is very similar, generally being classed as ''excellent'' or ''very good'', and is superior to other models of the Mekong.
Inter-GCM variations in projected changes in precipitation for a prescribed 2°C increase in global mean temperature are much larger than the corresponding variability in PET changes. In percentage terms, the ranges of change in precipitation are between 2.5 and 10 times as large as those for PET. Whilst PET increases for all GCMs, precipitation changes include catchment-wide increases or decreases, as well as spatially variable directions of change. There is some consistency in projections of change in PET for the different GCMs and PET methods. The largest PET changes are, in general, associated with CSIRO and CCCMA and the smallest with NCAR. For any given GCM, Blaney-Criddle and Hargreaves-Samani produce the smallest changes in PET with the largest resulting from Linacre and Hamon.
Although PET method has some impact on simulated discharge, GCM-related uncertainty for change in mean discharge is, on average, 3.5 times as large as PET method-related uncertainty. In most cases, scenarios associated with catchment-wide increases (decreases) in precipitation produce increases (decreases) in mean discharge irrespective of PET method. The magnitude of changes in discharge is, however, related to PET method, with larger increases (smaller declines) occurring for methods producing the smallest increases in PET (Blaney-Criddle and Hargreaves-Samani). Uncertainty in the direction of change in mean discharge due to PET method occurs for scenarios with spatially variable changes in precipitation. The inter-PET method range of change is, however, relatively small and differences in the direction of change are often limited to a few gauging stations. Greater PET method-related uncertainty in the direction of change in high and low flows is evident, although differences are not sufficient to modify the seasonal distribution of discharge resulting from each scenario. Although choice of PET method has some impact on climate change related projections of future Mekong River discharge, the larger source of uncertainty is due to the choice of GCM and its impact on precipitation.
